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Abstract

Evaluating question-answer systems for elec-
tronic health records is challenging due to the
high cost of annotation, limiting the realism
and scale of existing benchmarks. In this work,
we introduce a scalable large language model-
generated, clinician-verified framework to auto-
matically generate questions that evaluate in-
formation retrieval over longitudinal records.
This framework leverages patient timelines to
generate questions that emulate questions asked
during chart review. We compare generation
approaches that leverage a single History &
Physical (H&P) note versus supplementing the
H&P with patient facts. Physicians approved
93% of questions generated from the H&P with
patient facts, a 7% increase from using the H&P
alone. Incorporating facts into the generation
process yielded a 4% increase in verifiable ques-
tions and a 30% increase in multi-hop questions,
which are the most clinically useful questions
that synthesize information across multiple en-
counters. Our findings demonstrate the utility
of our framework to support meaningful eval-
uations of clinical question-answer system per-
formance at scale.
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Data and Code Availability This work leverages
de-identified electronic health data from the STAn-
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Figure 1: Generated question categories.
ford Research Repository (STARR). The code used
to implement our methods is available here.

Institutional Review Board (IRB) Data access
and chart review were conducted under IRB-57916
and IRB-78065 respectively.

1. Introduction
Large language models (LLMs) are rapidly trans-
forming clinical workflows throughout hospitals. At
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a growing number of institutions, clinicians can now
send requests about specific patient medical records
to secure LLM deployments embedded in electronic
health record (EHR) systems (Armitage, 2025; Diaz,
2025; Lynn, 2025). Through these interactions, clin-
icians may ask questions about a patient’s medical
history, generate summaries, or retrieve specific in-
formation from far back in the chart. Such use cases
require models to navigate and synthesize informa-
tion spread across long and complex patient records.
Yet, despite advances in long context modeling, it re-
mains unclear how well LLMs can reason over this
extended text, particularly in the clinical domain.

Robust evaluation of LLM clinical question-answer
(QA) systems requires identifying a diverse set of
realistic questions and extracting gold standard an-
swers directly from patient records. Due to the infor-
mation dense nature of EHRs, this is a time consum-
ing process even for expert clinician annotators. The
manual effort required to curate such datasets con-
strains their scale, which in turn limits the diversity
of tasks represented in benchmarks.

Identifying realistic questions is the first step in de-
veloping a robust benchmark. Instead of solely rely-
ing on human annotation, we propose an LLM-based,
clinician-verified approach to generate topically di-
verse, clinically useful, and temporally varied ques-
tions for evaluating clinical QA systems. We orga-
nize these questions into categories based on temporal
framing and reasoning - single-hop (recent), single-
hop (past), and multi-hop - and clinician-curated
question topics (see Figure 1). This categorization
enables downstream evaluation of clinical QA sys-
tems for different approaches like long-context mod-
eling, retrieval augmented generation, and agentic
frameworks. Concretely, we contribute the following:
• Evaluation-Driven Questions: Present a frame-
work for generating, categorizing, and verifying real-
istic questions from patient encounters
• Strong Approval: Questions have 93% clinician
approval rating. Incorporating patient timeline facts
alongside History & Physical (H&P) notes yields a
4% increase in verifiable questions and a 30% increase
in multi-hop questions compared to H&P notes alone.
• Scalability: Develop an LLM-as-a-Judge method
with clinician agreement comparable to that within
clinician annotators, enabling the large scale genera-
tion of high quality questions.

2. Related Work

2.1. Question Generation

Manually curating challenging questions that require
multiple levels of reasoning can be challenging at scale
[CITE THE MULTI HOP Q PAPERS X2]. Com-
bined with the expanding context windows of modern
LLMs, effective benchmark questions must be able to
reason over lengthy texts which can be difficult even
for expert annotators. Loong is a multi-document
benchmark that uses free annotation and templates
to generate question that require reasoning over long
contexts (Wang et al., 2024). More recently, Gill et al.
(2025) have detailed limitations in producing syn-
thetic benchmarks by showing that synthetic bench-
marks are easier for LLMs than the human curated
counterparts. In our work, we adapt these question
generation techniques to generate challenging, real-
istic questions that reason over longitudinal patient
records.

Several datasets exist for benchmarking EHR QA
tasks. EHRNoteQA is a LLM generated, clini-
cian modified and verified benchmark built using
MIMIC-IV EHR (Johnson et al., 2023; Kweon et al.,
2024). While EHRNoteQA encompasses many ques-
tion types, the questions only reason over a few dis-
charge summaries which represents a small portion
of a patient’s complete medical timeline. MedAlign
is a clinician generated QA dataset with longitudinal
records, but only contains a small number of retrieval
questions, lacking the diversity of questions necessary
to construct a comprehensive benchmark (Fleming
et al., 2024). Both EHRNoteQA and MedAlign focus
on questions that are topically diverse and clinically
useful, but lack a large set of questions that are tem-
porally varied, synthesizing information over different
parts of the chart. Most recently, TIMER-Bench in-
troduced an LLM-generated, clinician-verified bench-
mark to evaluate models’ abilities to reason over lon-
gitudinal records across different temporal spans (Cui
et al., 2025). While TIMER-Bench focuses on dis-
tributing questions across the patient timeline to test
temporal reasoning, it does not emphasize questions
that a clinician might plausibly ask during a specific
visit, limiting the utility of leveraging this approach
for evaluating clinical QA systems. In contrast, our
framework grounds question generation in specific pa-
tient encounters by using H&P notes and categorizes
the questions to identify where QA systems may fail
through realistic scenarios. This work will support
the release of a publicly available benchmark.
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3. Data

Our goal was to identify a cohort that represents a
wide variety of clinical scenarios to ensure we gener-
ate topically diverse questions. To ground each ques-
tion in a realistic clinical context, we select the time of
the question in a specialty-agnostic manner. Specif-
ically, question generation is tied to each patient’s
most recent History & Physical (H&P) note, which
summarizes both past and present medical informa-
tion at the time of the visit.
Using a de-identified EHR database from a large re-

search hospital, we sampled 25 patients that had at
least 100 notes prior to their most recent H&P note.
This ensures our cohort only includes patients with
sufficient information to generate complex questions
that exceed the capacity of manual question gener-
ation. Notes were filtered before the reference H&P
note timestamp to simulate the chart review process.

4. Methods

We introduce a scalable framework to generate and
verify realistic clinical questions grounded by patient
visits. The framework is organized into three mod-
ules: Fact, Question, and LLM-as-Judge. For all
generative tasks in each module, we used a PHI-
compliant instance of Gemini-Pro 2.5 Chat, which
achieved stellar performance on the LMArena long-
query and overall text leader boards (Chiang et al.,
2024).

4.1. Patient Timeline Construction
Longitudinal clinical notes were used as the foun-
dation for question generation. However, raw clini-
cal notes are flawed documents, containing remnants
of formatting, duplicated information due to copy-
forward, clinical shorthand, and temporal ambiguity
from interleaved information recorded in other visits.
Altogether, LLMs struggle to reason over raw clini-
cal notes. “Note bloat,” where the note contains text
that does not add new information, further limits the
utility of using raw clinical notes by restricting how
much information can fit in context.
We circumvented these issues by constructing pa-

tient timelines from raw clinical notes. A timeline
is defined as a list of atomic claims, logical prepo-
sitions that cannot be further decomposed, accom-
panied by timestamps (e.g. “Patient was diagnosed
with Type 2 Diabetes (2021-09-13)”) (Russell, 2009).
Prior work has demonstrated that LLMs excel at ex-
tracting atomic claims from clinical notes, which in
turn can be interpreted as patient facts (Chung et al.,
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Figure 2: Question Generation framework.

2025; Munnangi et al., 2024). Distilling notes into a
list of facts removes formatting and clinical short-
hand from the raw note without changing the overall
information.

The Fact Module extracted facts with timestamps
from notes prior to the most recent H&P note (Ap-
pendix A, Figure 2). The fact timestamps were nor-
malized to the estimate date of the event and the
resulting fact list was de-duplicated to remove facts
that refer to the same event (Appendix A). We ob-
serve a 3 times reduction in the average amount of
tokens for refined facts from raw notes (See Table 2).

4.2. Question Generation
The Question Module generates free-text QA pairs
designed to extract information across different
temporal scopes, ordered by increasing difficulty:
single-hop (recent), single-hop (past), and multi-hop.
Single-hop questions surface information from a sin-
gle visit. This category was further divided to ac-
count for the recency bias observed in clinically rel-
evant questions. During chart review, useful infor-
mation is often concentrated closer to the time of
the visit, hence we define single-hop (past) questions
as those surfacing a single event that occurred more
than two years prior to the reference H&P note times-
tamp.

User messages for question generation were struc-
tured as sequential chat dialogues. In each message,
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the model was prompted to simultaneously generate
queries for different question types (“labels”), encour-
aging the production of temporally varied questions
(Raman et al., 2024). Previous user–model exchanges
were appended to subsequent prompts to further di-
versify the topical space. The Question Module also
identified up to three relevant clinical topics for each
question that were later verified by clinicians (see Fig-
ure 2, Table 1).
We evaluated two input strategies for grounding

generation in clinical context: (1) a single-note ap-
proach using the H&P note alone, and (2) a patient
timeline approach incorporating refined facts (Sub-
section 4.1). We compare these two methods to assess
commonly used approaches from previous clinical QA
generation methods (Section 2). The Question Mod-
ule also generates the answer and the supporting facts
required to derive it, either from the refined facts or
the H&P note.

4.3. Question Verification
Three board-certified physicians assessed the qual-
ity of generated questions. When annotating the
questions, clinicians had access to the medical record
number (MRN, patient identifier) and other relevant
visit information (Appendix C). The MRN allowed
clinicians to view the complete patient chart when
conducting their annotations to ensure the question
was specific to that patient, despite the data being de-
identified. Importantly, the clinicians were not made
aware of the two generation approaches (H&P and
H&P with facts).
Clinicians assessed the question quality through a

series of binary assessments and ensured the question
topic and reasoning was correctly categorized. We de-
fine a high-quality question as one that is clinically
relevant to the specific patient, verifiable, free of leak-
age (i.e., excluding visit-specific details from the H&P
note that would not be accessible during review), and
consistent with the patient chart. To assess annota-
tor agreement, 54 questions were annotated by two
clinicians (Appendix C).
In addition to manual annotation, the LLM-as-a-

Judge Module assessed if the question was patient
specific, had a verifiable answer, and had natural
phrasing. To help assess clinical relevance, we also
included the complete H&P Note. See Appendix D
for more details.

5. Results

Clinicians reviewed 108 questions, divided between
the two generation approaches. Based on the evalua-

tion criteria in Subsection 4.3, 93% and 86% of ques-
tions generated with the H&P with facts and H&P
only approaches, respectively, were approved for eval-
uating clinical QA systems (Table 1). Questions
consistently achieved high marks for being patient-
specific, verifiable, and consistent. We also observe
that generated questions were topically diverse with
a Simpson’s diversity index, the probability of ran-
domly drawing two questions with different gold-
standard topics, of 0.95. Overall, both methods
struggled with creating questions with natural phras-
ing and correctly identifying the clinical topics asked
by the questions.

When examining the types of questions that clin-
icians did not approve for evaluation, we observe a
difference between the generation approaches. Of the
rejected questions, 63% were generated with only the
H&P. Notably, half of these rejected questions were
multi-hop, a format we consider the most clinically
useful. In contrast, only 16% of rejected questions
from the fact-supplemented approach were multi-hop.
Taken together, these results show that incorporating
longitudinal data improves realistic, complex ques-
tion generation.

Annotator agreement was assessed on 54 questions
evaluated by two clinicians. Clinicians provided the
same approval response for 81% of questions, and for
every question, there was at least one metric on which
both clinicians agreed. The average Cohen’s κ̄ across
all assessment categories was 0.32 (Table 3), consis-
tent with fair agreement for complex clinical annota-
tion tasks. Agreement on Overall Approval was lower
(κ̄ = 0.04, Figure 14), reflecting the inherent subjec-
tivity of determining which questions are most clini-
cally valuable to ask at a visit. Importantly, when ap-
proval was defined more explicitly—as requiring ques-
tions to be patient-specific, verifiable, consistent, and
free of leakage—agreement rose to κ̄ = 0.38 (Figure
15). We view these differences as expected: clinicians
from different specialties may value different types of
questions, and a question only needs to be useful to
one clinician to be meaningful in practice. This un-
derscores both the diversity of clinical reasoning and
the importance of including a broad range of ques-
tions in evaluation datasets.

We also examined annotator agreement between
clinicians and the LLM-as-a-Judge module. Across
all metrics, the LLM-as-a-Judge achieved annotator
agreement that was at least as high as the agreement
observed between pairs of clinicians. Detailed results
are provided in Appendix D. These findings suggest
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Table 1: Clinician evaluation of generated questions

Assessment H&P+Facts H&P

Quality

Patient specific 98 98
Verifiable answer 98 94
Consistent with chart 99 100
Leakage with H&P / 6
Natural phrasing 61 50

Type
Correct temporality 93 89
Correct topics 78 75

Overall approval 93 86

that using an LLM-as-a-Judge method may support
manual evaluation. In practice, this capability may
enable LLMs to filter out low-quality questions, scal-
ing the generation of high quality questions for bench-
marking.

6. Discussion & Future Work

We present an LLM-generated, clinician-verified
framework for producing questions that are topically
diverse, clinically useful, and temporally varied. To
ensure quality, we combined clinician review with
LLM-as-a-Judge verification. For scalability, ques-
tion generation was grounded in H&P notes, mirror-
ing the way clinicians review charts during patient
visits. This framework is flexible and can be adapted
to other settings. Our current work focuses primarily
on clinical notes, excluding information from struc-
tured data, such as labs and medications. A natu-
ral extension would incorporate structured elements
to enrich question generation. Ultimately, clinically
grounded questions are essential for robust evalua-
tion; without them, benchmarks cannot meaningfully
assess readiness for deployment. In the future, we
plan to validate model-generated answers and sup-
porting facts. The resulting dataset will be released
as a public benchmark to support the development
and evaluation of clinical QA systems.
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Appendix A. Fact Module

The patient fact list was constructed in two phases:
extraction and refinement. The Fact Module iden-
tified (1) the atomic claims and (2) the estimated
timestamp that the claim occurred based on the con-
text of the note. The real event timestamp needed
to be estimated because clinical notes often reference
events outside the documented visit. This step is im-
portant to reduce redundancies as multiple notes may
describe the same event and precisely order facts in
a patient timeline.

Facts were extracted directly from individual notes
(See Figure 3). For very long notes, we chunked the
note into 20k token chunks. While Gemini 2.5 Pro
has a context window of 1 million tokens, we chun-
ked notes to control for context length and enable
parallelization. After fact extraction, the facts from
all notes were merged in chronological order based on
note sequence. On average, patients had fact lists of
3,300 entries (see Table 2.

We refined the fact list through an iterative pro-
cess of batching and pruning to eliminate duplicate
information (see Figure 4). The goal was to iden-
tify facts referring to the same information on the
same date, thereby removing copy-forward content.
The Fact Module removed redundant facts in batches
of 500. To capture duplicates that might appear
across widely separated time points, we shuffled and
re-batched the list for three iterations. Overall this
process removed roughly one-third of all extracted
facts (see Table 2.

Fact extraction was limited to notes written within
two years prior to the H&P timestamp. While this
filtering may constrain the scope of generated ques-
tions, most patient-specific queries during chart re-
view typically focus on recently documented informa-
tion. By targeting this window, we aimed to gener-
ate clinically realistic questions while validating both
clinician and LLM-as-a-Judge verification processes.
Notably, generated questions still reason over infor-
mation outside of the two year window, as the notes
frequently reference past encounters. In future work,
we plan to extend this approach to the full patient
timeline, including structured data, which we expect
will improve the quality and coverage of questions
targeting older events.

Table 2: Count and number of tokens for each stage
of fact extraction. The Refined Facts,
pruned for redundancy, was used for ques-
tion generation.

Stage Count Token Count

Raw Note (1.6± 1.3)× 103 (1.0± 0.9)× 105

Fact (3.3± 3.0)× 103 (5.6± 5.0)× 104

Refined
Facts

(2.1± 1.9)× 103 (3.3± 2.2)× 104

Appendix B. Question Module

We conducted generation using two different types of
inputs: H&P note and H&P note with facts derived
from the patient timeline. The three question types-
single hop (recent), single hop (past), and multi-hop-
were generated concurrently. This processes was con-
ducted twice for each patient, yielding in 12 questions
per patient for the two input types. For the sampled
25 patients, this process generated 300 total ques-
tions. We share the abbreviated prompts used to
generate questions in Figures 5,6. After generating
the questions, we classified the clinical topics using a
list verified by clinicians (Figures 7).

Appendix C. Clinical Annotation

Three physicians from anesthesiology, internal
medicine, and cardiology were recruited to conduct
annotations. Annotators were trained using a set of
held out generated questions and discussed expected
responses to improve agreement (See Figure 8 for an-
notation guidelines). During annotation, clinicians
had access to the patient medical record number, ref-
erence H&P timestamp, question, answer, and sup-
porting facts. Additionally, we provided visit infor-
mation, including the visit type and LLM-extracted
details from the H&P, the patient clinical summary
and visit reason. Clinicians were aware that the an-
swer, supporting facts, and generated visit informa-
tion were not verified and were instructed to use the
information with caution.

Each annotator assessed a total of 54 questions, 36
of which were assessed by another annotator. Anno-
tators recorded their responses in Label Studio and
used Epic Hyperspace to verify clinical accuracy and
utility.
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Fact Extraction Prompt

Task Definition
You are a clinician who is performing chart review on a patient who was just admitted to the hospital.
Your task is to generate a list of atomic claims from the given excerpt of a clinical note.
Atomic Claim Definition
An atomic claim is a phrase or sentence that makes a single assertion. The assertion may be factual
or may be a hypothesis posed by the text. Atomic claims are indivisible and cannot be decomposed
into more fundamental claims. More complex facts and statements can be composed from atomic
facts. Atomic claims should have a subject, object, and predicate. The predicate relates the subject
to the object.
Do:

1. Extract discrete atomic claims from the "text" field. Each claim must include a subject, predi-
cate, and object, and must stand alone without ambiguity.

2. Include only clinically relevant claims (symptoms, procedures, tests, medications, diagnoses, clin-
ical locations).

3. Use only the provided text. Do not add outside knowledge or assumptions. Preserve the full
context of each claim.

4. Write each claim in the shortest unambiguous form. Avoid pronouns or vague references.

5. Append a date (YYYY-MM-DD) to every claim:

(a) If the text specifies an absolute date, use that date.

(b) If the text uses a relative reference (e.g., “yesterday,” “last week,” “last month”), resolve it
against the note date.

(c) If no event date is given, use the note date.

(d) For vague ranges (e.g., “last month”), default to the first day of that period unless the text
specifies otherwise.

6. Always refer to the subject as “patient,” even if the text uses the patient’s name or identifiers.

7. If there are no valid clinically relevant claims, return "claims" as an empty list [].

Do Not:

1. Do not include claims that are not directly about the patient’s clinical care (e.g., provider names,
note authors, addenda, phone numbers, clinic addresses, or administrative details).

2. Do not invent or infer claims beyond what is explicitly stated in the text.

3. Do not duplicate the note date as the event date if the text already provides an event date.

4. Do not combine multiple events into a single claim — each claim must be atomic.

5. Do not include general background knowledge or medical facts not present in the text.

Format as a JSON
Input Schema: { “note date”: str, “text: str }
Output Schema: { “claims” : List[str] }
Examples Input: { “note date” : ”2021-01-15” “text”: [...] }
Output: { “claims”: [ ”The chief complaint documented was eye pain (2021-01-15)”, ”The patient
reported that the left eye was red and looked like it was bleeding (2021-01-15)”, ”The patient used
eye drops for the left eye (2021-01-15)”, ”Left eye redness partially cleared after using eye drops
(2021-01-15)”, ”Left eye redness onset (2021-01-08)”, [..] ] }

Figure 3: Fact Extraction System Prompt. Prompt adjusted from Chung et al. (2025)
8
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Fact De-duplication Prompt

Task Definition
You are an expert clinician tasked with reviewing a **list of patient facts**. Some of these facts may
be duplicates or semantically redundant. Your job is to identify which facts should be removed so
that the final fact list is concise, non-redundant, and still retains all unique clinical information.
You will not regenerate the fact list. Instead, you will **return the indices of facts to remove**.
—
Detailed Instructions
1. **Redundant fact definition**
* A fact is redundant if it asserts the same claim as another fact, even if phrased differently.
* Example: *“Patient has hypertension”* and *“History of high blood pressure”* → redundant.
* If two facts contain identical information except for timestamps, keep the most complete one (the
one with more timestamps).
* If one fact is a subset of another (e.g., *“Admitted to hospital”* vs *“Admitted to hospital (2014-
08-01)”*), mark the subset for removal.
2. **Conflicting facts**
* If two facts make contradictory claims, **do not** mark either as redundant. Both must be kept.
3. **Timestamps**
* Facts that differ only by **unique timestamps** are not redundant and must both be kept.
* Example: *“Admitted to hospital (2014-08-01)”* and *“Admitted to hospital (2014-09-01)”* →
both should remain.
4. **Output format**
* Return a JSON object with one key:
“‘json ”redundant fact indices”: [¡list of 0-based indices to remove¿] “‘ * Do not return the facts
themselves, only the indices. * If no redundancies are found, return an empty list:
“‘json ”redundant fact indices”: List[int] “‘
—
Example
**Input facts** (indexed for reference):
0: Patient has hypertension
1: History of high blood pressure
2: Admitted to hospital (2014-08-01)
3: Admitted to hospital (2014-09-01)
4: Admitted to hospital
**Output**
“‘json { “redundant fact indices”: [1, 4] } “‘
Example Explanation:

• Fact 1 is redundant with fact 0.

• Fact 4 is a subset of facts 2 and 3, so it is removed.

• Facts 2 and 3 are kept because they contain unique timestamps.

Do not include an explanation in your response.

Figure 4: Fact Deduplication System Prompt.
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Question Generation System Prompt

You are a clinician who is seeing a new patient and you are performing a comprehensive review of
the patient. Your job is to use the list of patient facts to generate retrieval-only questions, each with
(a) a concise answer and (b) the exact supporting facts copied verbatim from the fact list.

Rules:

1. Use only the provided facts. Do not invent, summarize, interpret, calculate, or speculate.

2. Ensure temporal diversity across questions (cover early events, recent events, and multi-time
point trends).

3. Avoid trivially simple questions; prefer those requiring reasoning or integration when appropriate.

4. Copy supporting facts exactly into fact subset (no paraphrasing, trimming, or merging; include
dates verbatim).

5. Phrase questions in natural clinical language, as a clinician would during admission or routine
care. Avoid test-like wording and unnecessary precision.

6. Do not include exact dates unless required for verifiability. Prefer natural temporal references
(e.g., “last 3 years,” “most recent exam”) or clinical context (e.g., “at admission”).

7. Questions must allow an objective, unambiguous answer while remaining natural in clinical phras-
ing. Avoid vague prompts that lead to subjective answers (e.g., “details,” “tell me about,”
“specifics”). Use anchored terms like “outcome,” “result,” or “findings” when appropriate.

8. Answers must be directly supported by the provided facts and must include all associated dates.

9. Ensure questions are clinically useful for admitting the patient (useful for decision-making, doc-
umentation, or patient understanding) and justify in the ”clinical relevance rationale” field.

10. If no valid question can be generated, return an empty JSON array [].

Allowed topics include (non-exhaustive): Comorbidities; Procedures/Surgeries; [..]

Output format (strict): Return only a JSON array (no prose, no code fences).

Each object must follow:
{ ”question id”: { ”type”: ”integer” }, ”reference timestamp” : { ”type”: ”string” }, ”question type”:
{ ”type”: ”string”, ”enum”: [”single hop recent”, ”single hop past”, ”multi hop”] }, ”question”: {
”type”: ”string” }, ”answer”: { ”type”: ”string” }, ”fact subset”: { ”type”: ”array”, ”items”: {
”type”: ”string” } }, ”clinical relevance rationale”: { ”type”: ”string” } }

Question type definitions:

1. Single-hop recent: Answerable using a single event that occurred less than 2 years before the
time of admission. [...]

2. Single-hop past: Answerable using a single event that occurred more than 2 years before the time
of admission.

3. Multi-hop: Answerable only by combining information from two or more distinct events, typi-
cally from different time points relative to the time of admission. May involve linking causality,
chronology, or comparison

Example 1: [..]

Figure 5: Example question generation prompt. Prompt was shortened for brevity. The in-context examples
were generated by a board-certified clinician based on held-out patients.
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Question Generation User Prompt

Generate three distinct complex retrieval questions that satisfy the constraints. The first must be
”single-hop recent”, the second ”single-hop past”, and the third ”multi-hop”. Do not generate ques-
tions about the patient’s psychology, mental well being, or psychiatric care. Return only the JSON
array in the specified schema and order: recent, past, multi-hop.

Figure 6: Example user generation prompt. Model responses and previous user prompts are appended for
subsequent chat messages.

Metric κ̄

All categories 0.32
Patient Specific 0.67
Verifiable Answer 0.48
Consistent 0.67
Includes leakage 1.0
Natural Phrasing 0.13
Correct type 0.17
Correct category 0.18
Overall Approval 0.045
Overall Approval (Adjusted) 0.38

Table 3: Average Cohen’sκ values (2 sig figs) for each
metric of assessment.

Overall annotators had a high approval rating for
generated questions. While most metrics had fair
agreement, others had lower annotator agreement
(Table 3). For example, we observed a slight disagree-
ment (κ̄ = 0.045) between annotators for overall ap-
proval into the benchmark (igure 14). The agreement
improved (κ̄ = 0.38) when redefining approval ques-
tions for positive responses in Patient Specific, Verifi-
able Answers, Consistency and Contains no leakage,
however there was still a slight discrepancy, likely due
to the different training backgrounds of each physi-
cian 15. This highlights the need to include anno-
tators from diverse specialties, as different clinicians
may have different needs from clinical QA systems.

Appendix D. LLM-as-a-Judge Module

We developed an LLM-as-a-Judge Module to auto-
matically assess the quality of the generated ques-
tions. Likewise with the clinicians, the LLM-as-a-
Judge module had access to the reference H&P times-
tamp, visit related information (see Appendix C), an-

swer, and supporting facts. Additionally, the module
had access to the full H&P note. We note this is a
limited view of the patient, as the module did not
have access to the full chart, unlike the clinician an-
notators.

We selected three areas of assessment that could
be validated without access to the complete patient
chart: Patient Specific, Verifiable Question, and Nat-
ural Phrasing. We focused on these qualities because
these were the biggest areas of improvement in ini-
tial testing. The prompts used for the LLM-as-a-
Judge are shown in Figure 20. We ran the LLM-as-a-
Judge module for 108 questions and analyzed how the
responses compare to the three clinician annotators
(Figure 16).

When examining responses for the Patient Spe-
cific and Verifiable Question assessments for ques-
tions with multiple annotations, we observe that the
LLM-as-a-Judge modules responds the same with at
least one of the annotators. The LLM-as-a-Judge
framework had the highest agreement with Annota-
tor A with κ̄ = 1.0 and κ̄ = 0.32 for Patient Specific
and Verifiable Answer responses, respectively (Fig-
ures 17 and 18). On the other hand, we observe
a low agreement with Annotator C, with κ̄ = 0.0
for both Patient Specific and Verifiable Answer re-
sponses (Figures 17 and 18). While this does not
indicate strong agreement, this is the observed agree-
ment of Annotator A and C, which suggests that the
LLM-as-a-Judge Module represents a portion of clin-
ician responses. In some cases, such as the Verifiable
Question assessment, the LLM-as-a-Judge Module is
a harsher critic for whether or not the question is
verifiable. However, this comes with a tradeoff, as
generated questions that include wording to improve
verifiability (i.e. dates, times, locations) may not be
naturally phrased. This confers with the responses
of the Natural Phrasing assessment, where the LLM-
as-a-Judge Module was more lenient than clinician
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Question Topic Classification

You are a clinical information extraction system. Your task is to carefully analyze a patient-specific
clinical question and identify the top 3 most relevant topics from a fixed list of categories.

Categories: Comorbidities, Procedures/Surgeries, Devices/Implants, Radiology/Imaging, Diag-
nostic testing (e.g. genetics, pathology, etc.), Demographics, Prescriptions (e.g. type, interactions,
side effects, reasons not to medicate), Laboratory tests, Disease Progression status (e.g. severity,
complications, staging information, functional status), Social Determinants of Health,Assessment &
Plan, Vitals, Appointments, Family History Communications, Payment, Reason for care (e.g. reason
for admission, referral etc.), Immunizations, Allergies, Other, None

Rules: 1. Select up to 3 topics that are most directly relevant to the question. 2. If fewer than 3
topics apply, fill the remaining slots with ”None”. 3. Always use the exact category names listed
above. 4. Use ”Other” sparingly. Try your best to use the given categories. 5. Use the answer to
help inform topics of the question. Do not list topics in the answer.

Output must be in valid JSON format with the following structure:
Input format: { ”question”: str, ”answer”: str }
Output format: { ”topic 1”: str, ”topic 2”: str, ”topic 3”: str }
Example 1: Input: { ”question”: ”What medications has this patient tried for her pelvic and rectal
pain?”, ”answer”: ”Gabapentin, oral contraceptives (multiple names acceptable, incl. estrostep,
blisovi FE, norethindrone, aygestin), nitroglycerin ointment” }
Output: { ”topic 1”: ”Prescriptions”, ”topic 2”: ”Comorbidities”, ”topic 3”: ”None” }
Output must be in valid JSON format with the following structure:
Input format: { ”question”: str, ”answer”: str }
Output format: { ”topic 1”: str, ”topic 2”: str, ”topic 3”: str }

Example 1: Input: { ”question”: ”What medications has this patient tried for her pelvic and rectal
pain?”, ”answer”: ”Gabapentin, oral contraceptives (multiple names acceptable, incl. estrostep,
blisovi FE, norethindrone, aygestin), nitroglycerin ointment” }
Output: { ”topic 1”: ”Prescriptions”, ”topic 2”: ”Comorbidities”, ”topic 3”: ”None” }

Example 2: Input: { ”question”: ”What airway-related issues has this patient experienced
that should be noted prior to planning a general anesthetic?”, ”answer”: ”Congenital TEF
and tracheal stenosis (repaired), esophageal anastomosis leak (resolved) and stricture, L vocal cord
weakness/paresis s/p injection (2021), GERD” }
Output: { ”topic 1”: ”Comorbidities”, ”topic 2”: ”Procedures/Surgery”, ”topic 3”: ”Disease
Progression status” }
[..]

Figure 7: System prompt for question topic classification.
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Thank you for helping us annotate our question dataset. Your time and effort are 
invaluable contributions to deploying robust LLM tools for clinical workflows. 
 
You will be assessing the quality of LLM generated questions for a specific patient 
based on clinical relevancy, accuracy, and verifiability. These questions were 
generated in the context of admitting a patient to the hospital. More specifically, 
questions were generated based on information prior to a patient’s most recent H&P 
note. 

Dataset 
 
When annotating each question, you will also have access to the following 
information: 
 

MRN Patient identifier to link to questions to 
Epic Hyperspace. Make sure you review 
records that are records prior to the 
Reference H&P Timestamp. 

Please do not share. 

Reference H&P Timestamp Date and time of the patient’s most 
recent History & Physical (H&P) note.  

 

Records were sampled from a 
de-identified database so the 
timestamp of the real H&P Note in Epic 
Hyperspace may be a few days off. 

Visit type Type of visit. For some patients, there 
may be no visit type that was found.  

Visit reason (unverified) LLM extracted information from the 
H&P note. Use with caution. 

Brief summary (unverified) LLM extracted clinical summary from 
the H&P note. Use with caution. 

Question Type Reasoning required to answer the 

Figure 8: Page 1 of 6: Annotation Guidelines
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question 

• Single hop (recent): question about a 
single, recent event 

• Single hop (past): question about a 
single, past event 

• Multi-hop: question requiring synthesis 
of multiple events / timepoints 

Question Topic(s) Identified topics. Multiple items may be 
chosen by the following:  

• Comorbidities  

• Procedures/Surgeries 

• Devices/Implants 

• Radiology/Imaging 

• Diagnostic testing (e.g. genetics, 
pathology, etc.) 

• Demographics 

•Prescriptions (e.g. type, interactions, 
side effects, reasons not to medicate) 

• Laboratory tests 

• Disease Progression status (e.g. 
severity, complications, staging 
information, functional status) 

• Social Determinants of Health 

•Assessment & Plan 

• Vitals 

• Appointments 

• Family History 

• Communications  

• Payment 

Figure 9: Page 2 of 6: Annotation Guidelines
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• Reason for care (e.g. reason for 
admission, referral etc.) 

• Immunizations 

• Allergies 

Answer (unverified) The generated answer to the question. 
While we do not ask you to assess the 
answer, it may inform question 
assessment. 

Supporting facts (unverified) List of patient facts from the patient 
record that was used to generate the 
question. These facts have not been 
clinically verified. 

 

 
 
As you review each question, we encourage you to look up the patient in Epic 
Hyperspace using the provided MRN to get the full clinical context. We hope this 
additional information will aid you during assessment.  
 
Please filter for records prior to the Reference HP Timestamp to prevent data 
leakage.  
 

Evaluation 
For each question, you will be asked to answer a few binary questions.  We have 
added some more information about each criteria below, in addition to positive and 
negative examples. 
 

Question Things to look for Positive Example Negative Example 

Is this question 
clinically relevant 
for this patient 

• bad questions 
cover topics that 
are not relevant to 
the current 

What medications 
has this patient 
tried for her pelvic 
and rectal pain in 

What were the 
findings of the 
patient’s chest xray 

Figure 10: Page 3 of 6: Annotation Guidelines
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during the 
reference visit? 

admission (i.e. 
wouldn’t plausibly 
inform care) 

• good questions 
can be asked by 
any specialty that 
would reasonably 
see this patient 
during present 
admission 

 

the last 3 years? 

 

[Patient was 
admitted with 
lower abdominal 
pain] 

in 2021? 

 

[Patient was 
admitted with 
sudden left arm 
weakness and 
slurred speech] 

Are all events 
referenced in the 
question 
consistent with the 
chart? 

• references to 
events or 
diagnoses that are 
out of place 

• hallucinated 
information 

What were this 
patient's right 
ventricular 
pressures following 
right pulmonary 
artery stenting in 
2017? 

What medications 
have been 
prescribed for the 
patient's heart 
disease? 

 

[Patient is 25M 
admitted after car 
crash, no history of 
heart disease] 

Does the question 
have a well defined 
answer? 

• multiple 
acceptable 
answers 

• imprecise 
language 

• unclear 
timeframes / time 
points 

What was the 
working diagnosis 
for this patient's 
vertigo in 2015? 

What 
complications did 
the patient 
experience 
following her 
cesarean delivery? 

[Complications is a 
vague term and it 
is unclear which 
delivery the 
question is 
referring to. 
Consider 
rephrasing to  “Did 
this patient 
experience a 
postpartum 
hemorrhage, 
defined by 

Figure 11: Page 4 of 6: Annotation Guidelines

16



Scalable Question Generation for Evaluating Longitudinal Reasoning in EHRs

QBL/EBL >1000?”] 

Is the question 
correctly classified 
as requiring 
single-hop (recent 
or past) or 
multi-hop 
reasoning? 

• multi-hop 
questions that 
refer to events that 
happen in the 
same visit 

• single hop 
questions that 
refer to multiple 
events / time 
stamps 

 • Single hop 
(recent): 

What was the 
patient’s recorded 
weight in 2021?  

[Patient admitted 
in 2022, question 
assumed most 
recent weight 
measurement was 
in 2021] 

• Single hop (past): 

What is the 
working diagnosis 
for this patient’s 
chronic joint pain? 

[Patient could have 
multiple recorded 
diagnoses at 
different 
timepoints] 

• Multi-hop: 

What was 
prescribed 
following the 
patient’s 
tonsillectomy in 
2018? 

Is the question 
correctly 
categorized by 
information type 
(e.g., labs, vitals, 
imaging)? 

• select up to three 
topics 

• focus on the 
primary topics in 
the question 

  

Figure 12: Page 5 of 6: Annotation Guidelines
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Could this 
question be 
rephrased to be 
more realistic, 
without changing 
the semantic 
meaning? 

• Correct for 
awkward phrasing 
(times, over 
specification, etc.) 

  

Should this 
question be 
included in the 
benchmark? 

• look for questions  
that are clinically 
relevant for the 
patient (at any 
possible visit), 
verifiable, and 
consistent with the 
chart. 

  

 
For each of the questions, if you answer “No,” we will ask you to give an explanation 
or an alternative phrasing. These free text explanations are strictly optional. If 
answering these free text explanations is too time consuming, do not feel the 
need to complete all of them. 
 

We have also added some optional questions for answer verification. These questions 
are optional: 

●​ Is the information in the answer found in the chart?  
●​ Is there missing information in the answer?  

Figure 13: Page 6 of 6: Annotation Guidelines
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Figure 14: Cohen’s κ for Annotator Responses for
Overall Approval

Figure 15: Cohen’s κ for Annotator Responses for
Overall Approval (Adjusted)

annotators, with a slight agreement of κ̄ = 0.13 (Fig-
ure 19). We may improve this agreement by using
the rephrased questions collected during annotations
as in-context examples (Section 4.3).
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Figure 16: Annotator responses for the following assessment metrics: Patient Specific (left), Verifiable An-
swer (center), Natural Phrasing (right)
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Figure 17: Cohen’s κ for Annotator Responses for
Patient Specific Questions

Figure 18: Cohen’s κ for Annotator Responses for
Verifiable Answers

Figure 19: Cohen’s κ for Annotator Responses for
Natural Phrasing
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LLM-as-a-Judge Prompt

You are a clinician reviewing automatically generated questions for an EHR retrieval benchmark.
Your task is to decide if each question meets three criteria:
Clinical Relevance – Would a clinician reasonably want this information at the specific visit?
-”Yes” → The question is directly relevant to the reason for visit or note at this visit. If the question
is ONLY relevant for the clinical summary, do NOT answer ”Yes.” If the information is mentioned in
the note but does not pertain to the patient’s immediate concerns, do NOT answer ”Yes”
-”No, but for another visit” → The information is relevant to the patient’s care at another point in
time but not at this visit. This includes questions that pertain only to the clinical summary.
-”No, never relevant” → The question is clinically irrelevant to any visit.
Question Definition – Is the question clear, specific, and unambiguous?
-”Yes” → The question is narrowly scoped and can be linked to an objectively correct piece of
information. Different clinicians would give the same answer.
-”No” → The question is too vague, underspecified, or too broad (e.g., “tell me about. . . ”, “details
of. . . ”). This question uses terminology that is subjective and not tied to a specific diagnosis or event
(i.e. ”interventions”, ”details”, ”medical history”, ”complications”, ”key factors” etc.). If multiple
valid answers could exist, reject.
Natural phrasing – Is the question asked in the way a clinician would ask the question?
-”Yes” → The question is concise, uses clinical terminology, and mirrors how a clinician would actually
search or ask (e.g., “What was the blood pressure at this visit?”, “When was the last colonoscopy?”).
-”No” → The question is awkward, verbose, or phrased in a way a clinician would not naturally
use (e.g., “Provide details about the patient’s hypertension management over time”, “Summarize
important factors about the case”).
Decision Rules
-If unsure, choose the stricter option (”No, but for another visit” or ”No”).
-Do not reward questions that are vague, overly broad, or disconnected from the visit context.
-Explanations must cite which parts of the input (reason for visit, summary, note, or facts) support
your decision.
Input Format “question”: “string – Question (the LLM-generated question)”,
“answer”: “string– Example Answer (the potential response extracted from the EHR)”,
“reference timestamp”: “string, ISO 8601 – Timestamp (date/time of the visit)”,
“reason for admission”: “string – Reason for visit”,
“clinical summary”: “string – Patient clinical summary”,
“visit type”: “string – Visit type (e.g., outpatient, inpatient, ED)”,
“note”: “string – H&P note (History & Physical for the visit)”

Output Format
Return a single JSON object with the following keys:
“question-relevance”: “Yes — No, but for another visit — No, never relevant”, “question-defined”:
“Yes — No”, “question-rephrase”: “Yes — No”, “explanation”: “Short justification for both deci-
sions”
Example 1: [...]

Figure 20: System prompt for the LLM-as-a-Judge Module. Examples redacted to prevent PHI leakage.
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